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Establishment and characterization of models of chemotherapy resistance in colorectal cancer: Towards a predictive signature of chemoresistance
Introduction
Chemotherapeutic treatment of metastatic colorectal cancer (CRC) is generally based on the anti-metabolite drug 5fluorouracil (5FU) combined with either the DNA-binding agent oxaliplatin (e.g. FOLFOX regimen) or the topoisomerase I inhibitor irinotecan (e.g. FOLFIRI regimen). Notwithstanding the efficacy of these combination regimens, which have significantly increased the response rate and survival of metastatic CRC patients Gallagher and Kemeny, 2010) , only 30e50% of patients show an objective response to either of the combination therapies and progression of the cancer is a common outcome (Gallagher and Kemeny, 2010; Goldberg et al., 2004) . Thus, resistance to chemotherapeutic drugs is a major clinical problem in the treatment of mCRC. In this regard, it is noteworthy that there is a partial, but clinically significant, lack of cross-resistance between the oxaliplatin-and irinotecan-based treatment regimens (Tournigand et al., 2004) , meaning that mCRC patients may benefit from an oxaliplatin-based regimen after progression from an irinotecan-based treatment regimen, and conversely. Together, these observations indicate that the two regimens are not equivalent, but rather that their efficacy differs for each individual patient. Accordingly, biomarkers that can identify those patients that will (or not) gain benefit from oxaliplatin-based, or from irinotecan-based, regimens, respectively, will be expected to make a substantial impact on clinical management of CRC. Drug resistance may be either preexistent (intrinsic resistance), or induced by drug exposure (acquired resistance); profiling of intrinsic resistance biomarkers in combination with early identification of acquired resistance biomarkers is expected to allow for better selection of cancer therapy for the individual patient, and thereby improved clinical management of the disease. To optimize existent, as well as develop new therapeutic regimens, a deeper understanding of the underlying resistance mechanisms to chemotherapeutic drugs is needed. Oxaliplatin works by formation of DNA adducts, causing DNA lesions and interfering with DNA replication (Koopman et al., 2009; Walther et al., 2009) . Resistance mechanisms reported for oxaliplatin and other platinum-based compounds include increased nucleotide excision repair of the DNA lesions (mediated by e.g. ERCC1) and altered levels of detoxifying anti-oxidants such as glutathione and metallothioneins (Jensen et al., 2012; Rabik and Dolan, 2007) . Irinotecan, a camptothecin analog, is converted in the liver or in tumor cells by carboxylesterases to its active metabolite, SN-38, which acts by binding to and stabilizing the DNA-topoisomerase I complexes formed to unwind the DNA during replication, leading to DNA damage and apoptosis (Hsiang and Liu, 1988; Koopman et al., 2009; Pommier, 2009) . Resistance mechanisms reported for the camptothecins include increased SN-38-glucuronidation (inactivation) mediated by UDP-glucuronosyltransferases (i.e. UGT1As), increased repair of SN-38-induced DNA damage (e.g. TDP1), as well as increased cellular drug efflux mediated by ATP-binding cassette transporters (i.e. ABCB1, -C1, -C2, -C4 and -G2) (Beretta et al., 2006; Jensen et al., 2012; Rasheed and Rubin, 2003) . With this plethora of potential molecular resistance mechanisms, it is not surprising that no single gene or gene product aberration has been demonstrated to be solely responsible for resistance to a particular chemotherapeutic drug. On the other hand, we would anticipate that cancer cells, by any means, only have a limited number of ways to counteract the deleterious effect(s) of chemotherapeutic drugs. If our anticipation is correct, one major corollary of it would be that recurrent cancers, such as recurrent mCRC, will consist of a defined number of resistance subtypes each utilizing a particular resistance mechanism against a given drug.
In addition to the common clinicopathological variables: TNM stage, differentiation, and nerve/vessel invasion, primary CRC tumors are often further subclassified according to the three molecular pathways that are known to be associated with this disease: chromosomal instability (CIN), microsatellite instability (MSI) and the CpG island methylator phenotype (CIMP) (Lao and Grady, 2011; Simons et al., 2013) . More recently, based on mRNA expression patterns, primary CRC tumors have been divided into additional subclasses, with each subclass presenting a distinct prognostic profile Perez-Villamil et al., 2012; Sadanandam et al., 2013) . However, no attempts have been made so far to sub-classify recurrent, drug-resistant, CRC into subtypes representing different resistance mechanisms with implications for choice of subsequent therapy. In order to gain more insight into the mechanisms of drug resistance, and work towards the identification of recurrent mCRC functional subtypes based on their specific, intrinsic or acquired, drug resistance mechanism(s), we generated, and characterized, six different colon cancer cell lines with acquired resistance to chemotherapeutic drugs that are currently used for the treatment of mCRC, specifically, oxaliplatin or irinotecan (represented by the active metabolite . We describe here the analysis of these resistant cell lines, and our preliminary validation of some of the findings in a clinical setting.
2.
Materials and methods
Cell culturing and assays, and generation of resistant variants
The cell lines HCT116 and HT29 were obtained from the NCI/ Development Therapeutics Program, while LoVo was obtained from the American Tissue Culture Collection. Oxaliplatin (Eloxatin, 5 mg/ml, Sanofi-Aventis, Paris, France) was stored at 4 C protected from light. Ko143 (3-((3S,6S,12aS)-6-Isobutyl-9-methoxy-1, 4-dioxo-1,2,3,4,6,7,12,12a-octahydropyrazino[19,29:1,6] pyrido [3,4-b] indol-3-yl)-propionic acid tertbutyl ester) and Copenhagen, Denmark) were dissolved in dimethyl sulfoxide (DMSO) and stored at À20 C. Drugs were diluted in growth medium at appropriate concentrations immediately prior to use. Cell culturing procedures and assays followed standard methods and are detailed in the appropriate methods section.
Oxaliplatin or SN-38 resistant cell line variants were generated in our laboratory by continuous exposure to gradually increasing drug concentrations over a period of 8e10 months (details are shown in Table 1 ). The cell lines were passaged three times at each drug concentration and cell vials were frozen at each increase in drug concentration. Prior to subsequent experiments, the cells were maintained in drug-free growth medium for at least one week. The cell line identities of parental and resistant cell lines were confirmed using short tandem repeat DNA analysis (IdentiCell e Cell Line Authentication Service, Aarhus University Hospital, Aarhus, Denmark). In addition, all cell lines were recurrently tested, and determined to be mycoplasma-free (Mycoplasma PCR Detection Kit, Minerva Biolabs, Berlin, Germany).
For growth analysis, cells were seeded in 6-well plates (no drugs added), and manually counted at 24 h intervals for six days. Growth medium was changed three days after seeding. Doubling time (in hours) in the exponential growth phase was calculated using the formula: Doubling time ¼ h * ln(2)/ ln(c2/c1), where c1 and c2 are the cell numbers at the beginning and end of the exponential growth phase, and h is the time (in hours) between c1 and c2. The experiment was performed three times and the mean doubling time AE standard deviation was determined. Doubling time comparison between cell lines was done using unpaired Student's t-test (p < 0.05 considered significant).
Drug sensitivity analysis and MTT assay
In vitro drug sensitivity was determined using a standard MTT (methylthiazolyldiphenyl-tetrazolium bromide) assay (Sigmae Aldrich) according to manufacturer's instructions. Briefly, cells were seeded in 96-well plates, and a range of drug concentrations was added the following day. In the case of Ko143 inhibition assays, cells were cultured in the presence of inhibitor and/or SN-38. Following 48 h of drug exposure, the medium was discarded and the plates were incubated with medium containing MTT (0.5 mg/ml, SigmaeAldrich) for 3 h. Acidified (0.02 M HCl) sodium dodecyl sulphate (20%, SigmaeAldrich) was added to dissolve the formed formazan. Optical density at 570 nm (and 670 nm for background) was measured, and the cell viability was calculated in percent compared to untreated cells. Experiments were repeated at least three times and the mean IC 50 -value AE standard deviation was determined using Graphpad Prism. Relative resistance for each resistant cell line was calculated by dividing the mean IC 50 -value of the resistant cell line by the mean IC 50 -value of the corresponding parental cell line.
RNA purification and labeling
To ensure that only persistent changes would be detected cells were cultured in drug-free medium for two weeks prior to RNA isolation. RNA was purified from each cell line in independent triplicates (three different passages). Following a wash with cold PBS, TRIzol Reagent (Invitrogen) was added and the cells were lysed on ice. The lysate was frozen at À80 C for later purification of RNA. RNA was purified according to the manufacturer's instructions with minor modifications (centrifugation for 4500 Â g, with centrifugation times of 20 min for the phase separation and 15 min for the RNA precipitation). RNA concentration was determined using a Nano-Drop ND-1000 (Thermo Scientific, Waltham, USA), and quality of the RNA was assessed (and found to be of high quality) using a Bioanalyzer 2100 (Agilent Technologies, Santa Clara, M O L E C U L A R O N C O L O G Y 9 ( 2 0 1 5 ) 1 1 6 9 e1 1 8 5 USA). Total RNA was separately converted into cDNA through reverse transcription, and thereafter transcribed with T7 RNA Polymerase. Labeled cRNA was coupled to a Cyanine 3-CTP fluorescent dye using the One-Color Microarray-Based Gene Expression Analysis, Low Input Quick Amp Labeling (version 6.5 protocol) (Agilent Technologies) according to manufacturer's instructions. Cy3-labeled cRNA was hybridized to Agilent Human Gene Expression Microarrays (G4112F) and scanned using an Agilent DNA Microarray scanner (Agilent Technologies).
mRNA microarray analysis, data processing and statistical analysis
All microarray data processing and analysis was done according to standard methods and publicly available software. Thus, mRNA microarray data processing was performed in R (www.r-project.org) using the Bioconductor bioinformatics software package (www.bioconductor.org). Data (gProcessed-Signals) were loaded into R using the Limma package (Smyth, 2005) and normalized between arrays using quantile normalization (Bolstad et al., 2003) . Probes were collapsed taking the median and expression values were log2 transformed. Alterations in expression of each mRNA between parental and resistant cell lines were analyzed using unpaired Student's t-tests. P-values were adjusted for multiple testing using the BenjaminieHochberg method (Benjamini and Hochberg, 1995) . Transcripts were considered significantly deregulated if the adjusted pvalue was <0.05 and the fold-change was >2 or <À2 (log2 fold change >1 or <À1). Venn-diagrams were constructed based on output from the online VENNY tool (Oliveros, 2007) .
Gene enrichment analysis
Selected deregulated genes were classified manually to gene ontology classes (Ashburner et al., 2000) (biological process, molecular function or protein class) using information from the DAVID Bioinformatics Database (Huang et al., 2009a, b) and the PANTHER Classification System (Thomas et al., 2003) . Enriched gene ontology clusters and pathways in the lists of significantly deregulated (Benjamini-Hochberg adjusted p-values < 0.05) transcripts were identified using the DAVID Functional Annotation Clustering tool (Huang et al., 2009a, b) . Highly redundant, tissue specific or very broad (e.g. "cellular process") functional annotations clusters or pathways were excluded. A heatmap was made, using the MultiExperiment Viewer v4.8 software (Saeed et al., 2006) , showing the relative expression (log2 fold change) of significantly deregulated transcripts belonging to selected gene ontology classes. The transcripts displayed either belonged to a specific gene ontology class according to the PANTHER Classification System (Thomas et al., 2003) or to a previously published epithelialemesenchymal transition (EMT) signature (Huang et al., 2012) .
Clinical validation in two patient cohorts
For assessment of the putative markers identified for irinotecan and oxaliplatin resistance, we used gene expression data from two independent cohorts. One dataset was from samples collected from a small cohort of 26 metastatic CRC patients treated with oxaliplatin and 5FU (Qvortrup et al., 2010; Rasmussen et al., 2013) . The second dataset was from stage II and III colon cancer patients who were enrolled in the PETACC-3 (Pan-European Trails in Alimentary Tract Cancers) prospective randomized study (NLM Identifier NCT00026273) Roth et al., 2010; van Cutsem et al., 2009 ). Both cohorts are described in detail below.
2.6.1. Cohort I For substantiation of putative markers for oxaliplatin resistance, we examined our gene list from the oxaliplatin resistant cell lines with gene expression profiles of samples collected from a cohort of 26 un-protocolled patients who responded, or not, to oxaliplatin and 5FU (XELOX or FOLFOX regimens) as first-line treatment of metastatic CRC (Qvortrup et al., 2010; Rasmussen et al., 2013) . Patients were divided into two groups according to the RECIST 1.1 criteria, responders (n ¼ 17), which included 'Complete Response' (CR; n ¼ 7) or 'Partial Response' (PR; n ¼ 10) as best response, and non-responders (n ¼ 9), with best response being 'Stable Disease' (SD; n ¼ 7) or 'Progressive Disease' (PD; n ¼ 2). The cohort was biased since the responder group was specifically enriched for CR cases and the non-responder group only included patients showing progression-free survival (PFS) below 8 months, but since we were evaluating the potential value of predictive factors to oxaliplatin this was deemed reasonable. Written informed consent was obtained from all patients, according to local ethical regulations.
Cohort II
Gene expression data was obtained from colon cancer patients who were previously enrolled in the PETACC-3 prospective randomized study (van Cutsem et al., 2009 ). This study enrolled 3278 patients and was designed to assess if the addition of irinotecan to standard 5FU/leucovorin treatment in the adjuvant setting of stage II and III colon cancer patients would improve disease free survival (DFS), relapse free survival (RFS) and overall survival (OS). The study failed to demonstrate any significant benefit of the addition of irinotecan, and contributed to the decision to not recommend this drug for adjuvant therapy of stage II and III colon cancer, which only leaves 5FU/ leucovorin and oxaliplatin as recommended options for this indication (National Comprehensive Cancer, 2013). All patients in the PETACC-3 study signed a written informed consent that included permission for future translational research on routinely collected biological samples. RNA was successfully extracted from 895 formalin fixed paraffin embedded tumor samples and gene expression profiles were established using the Almac Colorectal Cancer DSA platform (Almac, Craigavon, United Kingdom) (Popovici et al., 2012) . For the final analyses, ABCG2 gene expression data were available from a total of 688 stage II and III samples (gene expression data are available from ArrayExpress database, under the accession number E-MTAB-990). Data pre-processing and normalization is described elsewhere (Popovici et al., 2012) . For the present statistical analyses only data from patients with stage III disease was included which reduced the sample size to 580. For the statistical survival analysis only RFS and OS were used as end-points and the definition followed the original study. RFS was defined as time from randomization until the occurrence of local, regional, or distant relapse; a second primary colon cancer; or death, and OS was defined as time from randomization until death by any cause. In all cases, the statistical significance level was set at 0.05.
Results

Generation and phenotypic characterization of parental and drug resistant cells
Three human colon cancer cell lines (HCT116, HT29 and LoVo), each representing a different presentation of CRC -HCT116 (MSI, TP53 proficient, K-Ras mutated), LoVo (derived from metastatic site; MSI, TP53 proficient, K-Ras mutated), and HT29 (MSS, TP53 mutated, K-Ras wild-type) -were subjected to gradually increasing drug concentrations for a period of 8e10 months (Table 1 and Materials and Methods section). To assess the acquired drug resistant phenotype of the emergent cell line variants, drug sensitivities towards oxaliplatin and SN-38 were measured for each of the parental and drug resistant cell lines ( Figure 1A) , and IC 50 -values and relative resistances were determined for each case (Table 2) . For oxaliplatin, resistant cell line variants were between 13 and 107 times more resistant to the drug, depending on cell line of origin (Table 2 , Oxaliplatin RR). Similarly, for SN-38, resistant cell line variants were between 20 and 67 times more resistant to the drug, depending on cell line of origin (Table  2 , SN-38 RR). Cross-resistance between oxaliplatin and SN-38 was limited or non-existing ( Figure 1A and Table 2 ). The resistant phenotype appeared to be stable, as resistant cells displayed comparable IC 50 and relative resistance values when cultured in drug-free medium for up to five weeks (data not shown).
Given that previous studies have shown that acquired drug resistance, particularly in the case of prolonged drug exposure, can be due to increased doubling time, which in turn could have a profound impact on cancer cell sensitivity to antitumor agents (Petitprez et al., 2013) , we compared the growth rates of our parental and drug resistant cell line variants in drug-free growth medium ( Figure 1B ). We found changes in doubling time that were cell line dependent, but drug-independent. Oxaliplatin and SN-38 resistant HCT116derived cell lines (hereafter referred to as HCT116-OxPt and HCT116-SN38, respectively) and oxaliplatin and SN-38 resistant HT29-derived cell lines (hereafter referred to as HT29-OxPt and HT29-SN38, respectively) all grew at a significantly slower rate than their respective parental cells (p < 0.05). Oxaliplatin resistant LoVo-derived cells (hereafter referred to as LoVo-OxPt) grew slightly faster (p < 0.05) than the parental LoVo, while there was no significant difference between SN-38 resistant LoVo-derived cells (hereafter referred to as LoVo-SN38) and the corresponding parental cells.
mRNA profiling of drug resistant cells and identification of the most highly deregulated transcripts
To identify the alterations underlying the drug resistance phenotype for each of the chemoresistant cell lines variants, we performed genome-wide mRNA expression profiling of the parental and resistant cell lines using microarray analysis (full gene expression dataset provided as Supplementary Data; Supplementary Data File 1). Given the stability of the resistance phenotype, we did genome-wide gene expression analysis on cells cultured in the absence of drug. Principal component analysis (Supplementary Figure S1) showed that parental and corresponding resistant cell lines clustered together, which indicates that the changes associated with acquisition of the drug resistance phenotype did not alter the global gene expression profile of cells to such an extent that they could be considered as a singular entity in its own right, rather than an isogenic cell line variant. The mRNA profiles were compared, and significantly deregulated transcripts were identified for each resistant cell line variant relative to matched parental cell line dataset (full results provided as Supplementary Data; Supplementary Data File 2). The ten most highly up-or down-regulated transcripts in each of the resistant cell lines were identified and are presented in Supplementary Tables S1 and S2 .
To determine if the mechanism(s) of resistance developed by each cell line to SN-38 or oxaliplatin, respectively, were common to all cell lines or varied from cell line to cell line and with a particular drug, we compared the identity of the deregulated transcripts across the resistant cell lines (Figure 2A ), using the mRNA profiles shown in Supplementary Data File 2. Most deregulated transcripts were only identified in one of the resistant cell lines. However, 18 transcripts were common in two of the SN-38 resistant cell lines, while this was the case for five transcripts in two of the oxaliplatin resistant cell lines (Table 3 ).
Gene ontology and pathway enrichment analysis of drug resistant cells
Having assessed the expression changes that took place at the single transcript level, we performed a gene enrichment analysis, including gene ontology and pathways, to identify the overall biological changes that occurred in the resistant cell lines. A number of significantly enriched gene clusters were identified, and identified clusters were compared between cell lines and are presented using Venn-diagrams ( Figure 2B ). Common for HCT116-SN38, HT29-SN38 and LoVo-SN38 cells were clusters related to cell death, signal transduction, cytoskeleton, and proteolysis, while clusters such as cell growth, cell motion and oxidoreductase activity were enriched in two of the cell lines, HCT116-SN38 and LoVo-SN38. Other clusters, for example ABC transporters, cell cycle, pathways in cancer, and stem cell development were only enriched in one of the cell line variants, HCT116-SN38, HT29-SN38 or LoVo-SN38, respectively ( Figure 2B ). Common for HCT116-OxPt, HT29-OxPt and LoVo-OxPt cells were clusters related to cytoskeleton and metabolism, while clusters such as cell death and cell motion were enriched in two cell lines, HCT116-OxPt and HT29-OxPt. Many clusters, such as cell growth, cell adhesion and MAPK signaling were only enriched in one of the three oxaliplatin resistant cell lines, HCT116-OxPt, HT29-OxPt or LoVo-OxPt, respectively.
To compare and visualize the expression profiles of the different cell lines, several of the identified gene clusters (Figure 3) . In addition, significantly deregulated transcripts belonging to a published signature of genes known to be either up-or downregulated during EMT (Huang et al., 2012) , a process previously reported to be associated with chemoresistance (Fan et al., 2012; Hoshino et al., 2009; Hwang et al., 2011; Yang et al., 2006) , was seen.
Clinical validation
To gage the clinical relevance of the putative resistanceassociated genes we identified, we did a preliminary evaluation in patient samples of the predictive value of the hits we found in our model systems. Accordingly, we investigated if the top ten most up-and down-regulated genes we found in each of the three oxaliplatin-resistant cell line variants ( Supplementary Table S2 ), were significantly deregulated in a cohort of 26 patients who responded (responder group; R), or not (non-responder group; NR), to oxaliplatin and 5FU (XELOX or FOLFOX regimens) as first-line treatment of metastatic CRC. Four-KRT23, QPRT, KRT6B, and TGFB2-out of the 60 genes examined in this manner, were significantly differentially expressed ( p < 0.05) in the non-responder group compared to the responder group (Table 4) . We mirrored this analysis this time looking at the deregulated genes we found in each of the three irinotecan-resistant cell line variants ( Supplementary Table S2 ), using gene expression data obtained from the PETACC-3 study. A set of 580 stage III colon cancer samples from the PETACC-3 clinical trial, for which gene expression data was available, were used to assess differential gene expression for the top ten most up-and down-regulated genes in the irinotecan-resistant cell line variants. Patients were dichotomized according to the median RFS, and expression of each of the genes was compared between the two groups, low RFS (RFS < median RFS), and high RFS (RFS > median RFS). We found that expression of 12 out of the 60 genes examined, was significantly different between the low RFS group compared to high RFS group, respectively ( Table 5) . Given that we had access to gene expression data from the PETACC-3 study, a prospective randomized study with a irinotecan added to standard therapy vs standard therapy alone design, and, therefore, an excellent study to address the predictive value of any given biomarker for irinotecan treatment, we decided to perform a standard biomarker validation analysis for one selected hit from our set of deregulated genes. We elected to look at the ATP-dependent drug efflux transporter ABCG2 (Table 3 and Supplementary Table S1 ), as we found expression of ABCG2 to be markedly up-regulated in two out of the three SN-38-resistant cell lines (HT29 and Lovo SN-38 resistant variants), and there are a number of lines of evidence linking expression of this gene to efficacy of irinotecan in CRC (Candeil et al., 2004; Silvestris et al., 2014; Zhou et al., 2005) . In order to confirm the involvement of ABCG2 in the resistance phenotype, we performed inhibition experiments using the fumitremorgin-type indolyl diketopiperazine Ko143, a highly potent and specific Abcg2 inhibitor (Allen et al., 2002; van Loevezijn et al., 2001) . Addition of Ko143 dramatically lowered the resistance to SN38 in the ABCG2-overexpressing Lovo SN-38 resistant clone, whereas it had no effect on the parental cell line ( Figure 1C ). This effect was dose dependent, as inhibition of Abcg2 with 0.1 mM Ko143 showed only partial reversion of the resistance phenotype, whereas exposure of cells to 0.5 mM Ko143 completely reverted the resistance phenotype of the LoVo SN-38 resistant cells ( Figure 1C To visualize a potential association between ABCG2 and irinotecan treatment, ABCG2 levels were measured in the PETACC-3 patient study samples, dichotomized by the median value and KaplaneMeier survival plots were generated. growth medium. The mean doubling time ± standard deviation of three independent experiments is shown. P-values stating significant differences in doubling times are shown. (C) Drug sensitivity towards SN-38 for the LoVo parental and SN-38-drug resistant cell lines cultured in the presence, or not, of 0.1 mM or 0.5 mM, respectively, of the ABCG2 inhibitor, Ko143. Cells were exposed to a range of SN-38 drug concentrations for 48 h and cell viability was assessed by an endpoint MTT assay. Green (triangle) is the parental cell line, blue (diamond) the SN-38 resistant cell line, with solid lines depicting the results from cells cultured in the absence of Ko143 and stippled lines the results from cells exposed to Ko143. 
HCT116-SN38
HT29-SN38 For the subgroup of patients treated with 5-FU/leucovorin alone, no separation of the curves were demonstrated in relation to RFS ( Figure 4A ) and OS ( Figure 4B ) with p-values of the log-rank test of 0.69 and 0.76, respectively. In contrast, for the subgroup of patients treated with 5FU/leucovorin and irinotecan, the curves visually separated in relation to both RFS ( Figure 4C ) and OS ( Figure 4D ). The separation of the curves was not statistically significant with p-values of the log-rank test of 0.14 and 0.16, respectively. Although the analysis did not reach significance, these data suggest that ABCG2 levels below the median value might be associated with longer OS and RFS in patients treated with adjuvant irinotecan, as compared to ABCG2 levels above the median value. This trend could also be demonstrated in univariate Cox regression analysis with hazard ratios of 0.76 (95% CI: 0.52e1.10) and 0.74 (95% CI: 0.47e1.14) in relation to RFS and OS, respectively. For the subgroup of patients treated with 5FU/leucovorin and irinotecan the 5-year RFS rate was 0.61 (95% CI: 0.53e0.69) for ABCG2 > the median and 0.67 (95% CI: 0.60e0.75) for ABCG2 the median, which translated into a relative increase of 10.3%. Likewise, the 5-year OS rates were 0.71 (95% CI: 0.64e0.79) for ABCG2 > the median and 0.77 (95% CI: 0.71e0.87) for ABCG2 the median value translating into a relative increase of 8.6%. When analyzing results in subgroups defined by the ABCG2 status, the relative survival gain of additional irinotecan could be calculated. For all patients with tumors expressing ABCG2 the median, the relative gain in 5year RFS and OS of additional irinotecan was 5.6% and 5.7%, respectively. In contrast, for all patients with tumors expressing ABCG2 > the median value, the relative gain in 5-year RFS of additional irinotecan was only 0.03% with a relative reduction in 5-year OS of 4.7%, further strengthening the observation that benefit from additional irinotecan was mainly seen among patients with low ABCG2 levels. In short, although we saw a trend towards benefit of irinotecan being correlated with low ABCG2 expression levels, the analysis did not reach statistical significance.
LoVo-SN38
Discussion
In two seminal publications Weinberg, 2000, 2011) , Hanahan and Weinberg presented a conceptual framework to understand cellular malignancy. The hallmarks of cancer, proposed by these authors, presented an organizing principle to understand the complexity and variability The groups (e.g. "ABC transporters") were selected based on the gene ontology analysis, and includes all genes, belonging to that particular group, which were significantly deregulated (log2 fold change >1 or <L1, adjusted p-value <0.05) in one or more resistant cell lines. Black represents no change in expression. Within each gene class, the genes are listed alphabetically. *The epithelialemesenchymal transition (EMT)" signature was obtained from (Huang et al., 2012) .
can be identified. To begin to address this, we generated three oxaliplatin resistant and three SN-38 resistant colon cancer cell lines and characterized them. Importantly, crossresistance between oxaliplatin and SN-38 was either nonexisting or limited, which should allow for identification of drug-specific changes.
Gene expression changes of previously known resistance-associated genes
The direct target of SN-38 and other camptothecin drugs is the topoisomerase I protein (Pommier, 2009) , the tumor cell level of which has been implicated in sensitivity to irinotecan in both preclinical in vitro studies (Burgess et al., 2008; Pfister et al., 2009) and in the large clinical randomized UK FOCUS study (Braun et al., 2008) . However, our gene expression analysis of the three SN-38 resistant cell lines did not identify any change in the TOP1 expression level. Drug efflux pumps ABCG2, ABCB1, and ABCC2 and -4 have previously been associated with camptothecin resistance (Beretta et al., 2006) , and our study reiterated this effect, as we observed their upregulation in our SN-38 resistant cell lines. In addition, we found several other ABC transporters to be up-regulated (mostly in the LoVo-SN38 cell line), while none was downregulated. Significant enrichment of the gene ontology cluster "ABC transporters" in LoVo-SN38 supported this finding. Of the altered ABC transporters, ABCB4, -C8, and -G4 have not previously been associated to camptothecin resistance.
Oxaliplatin works by forming DNA lesions and interfering with replication (Rabik and Dolan, 2007) . These lesions can be repaired by the nucleotide excision repair system (Zamble et al., 1996) , however, we did not see any changes in expression of components of this system. Anti-oxidants such as glutathione and the metallothioneins have been shown to detoxify platinum-based compounds in cells (Rabik and Dolan, 2007) , and several glutathione S-transferase genes GSTA1, -M1, -P1 and -T1 have all recently been studied in relation to oxaliplatin resistance or toxicity (Funke et al., 2010; Lecomte et al., 2006; Mathieu et al., 2004) . However, we found M O L E C U L A R O N C O L O G Y 9 ( 2 0 1 5 ) 1 1 6 9 e1 1 8 5 GSTT2 to be down-regulated in the LoVo-OxPt cell line, showing detoxification by anti-oxidants is unlikely to a role in our system.
Identification of new resistance-associated genes
To identify new drug resistance-associated genes, we applied three strategies: Identifying the most highly deregulated transcripts in each cell line, identifying enriched gene ontology clusters or pathways in each cell line, and identifying transcripts or clusters/pathways deregulated in more than one resistant cell line. It should be noted that very few common alterations were identified in more than one cell line (18 for SN-38, 5 for oxaliplatin), underscoring the notion that resistance mechanisms are complex and individualized. Gene ontology analysis showed that the identified genes belonged to classes (e.g. cell cycle, metabolism, transport and transcription factors) likely to play a role in drug resistance. The most striking finding among these genes might be the association between up-regulation of the aldo-keto reductase 1 family member AKR1C3 and resistance to SN-38. This gene and members of the same family was strongly up-regulated (up to 520 fold) in the HT29-SN38 cell line, and the gene ontology class to which they belong ("oxidoreductase activity") was strongly enriched in the same cell line. The members of this family are involved in steroid hormone processing and play a role in xenobiotic . This indicated that patients with low expression levels of ABCG2 showed a survival benefit when treated with additional irinotecan.
metabolism (Brozic et al., 2011; Penning and Byrns, 2009) , and their up-regulation has previously been associated with resistance to anthracyclines in vitro (Novotna et al., 2008; Veitch et al., 2009; Zhong et al., 2011) , however, this is the first time they are associated with resistance to camptothecins. Other SN-38 resistance-associated genes were moesin (MSN ), which has previously been implicated in cell survival (Fais et al., 2005; Wu et al., 2004) , as well as two SLC transporters (SLC2A14 and SLCO1B3), however, none of these have previously been associated with camptothecin resistance. Another interesting finding is the association between MAGEA2B (melanoma antigen family A, 2B) and oxaliplatin resistance. The MAGE-A family has previously been shown to promote cell survival and chemotherapy (etoposide, anthracycline) resistance through modulation of p53 (Monte et al., 2006; Suzuki et al., 2007) , however, this is the first time it has been associated with oxaliplatin resistance. Furthermore, we identified ASB9 (ankyrin repeat and SOCS box containing 9) to be associated with oxaliplatin resistance. Several ankyrin-related genes have previously been associated with chemotherapy resistance or apoptosis (Santoni and Farfariello, 2011; Scurr et al., 2008) . AKT3 was also among our identified genes and has previously been implicated in cisplatin resistance (Gagnon et al., 2004) .
Epithelialemesenchymal transition in SN-38 resistant cell line
EMT, a cellular process where epithelial features (e.g. E-cadherin, encoded by CDH1) are lost and mesenchymal features (e.g. vimentin, VIM ) are gained, has long been implicated in cancer metastasis and more recently in drug resistance (Singh and Settleman, 2010; Voulgari and Pintzas, 2009) . In this study, we found that one SN-38 resistant cell line, LoVo-SN38, presented a broad gene expression profile alteration, resembling a previously published EMT signature (Huang et al., 2012) . The mesenchymal marker vimentin was among the most up-regulated (71 fold) transcripts in this cell line. At the same time, this cell line displayed up-regulation of a number of drug efflux pumps, and a recent study indeed suggested that there might be a link between EMT and upregulation of ABC transporters (Saxena et al., 2011) , thus warranting further investigation. Interestingly, even though they arise from the same parental LoVo cell line, the LoVo-SN38 cell line displayed more than 10 times as many alterations as the LoVo-OxPt cell line. This might be explained by the multitude of alterations associated with the EMT process.
Categorization of drug resistant CRC cell lines
From the results of this study it seems clear that each cell line appears to rely on an individual set of changes to become resistant. Even at the gene ontology analysis level the changes vary among cell lines. A good example of this is the class of "ABC drug transporters". Enhanced drug export from cells due to the overexpression of ABC transporters is a wellknown mechanism that cancer cells use to counteract the cytotoxic effects of chemotherapeutic agents (Redmond et al., 2008) . Although ABC transporters can counteract the effects of mechanistically unrelated chemotherapeutic agents, we found them to be deregulated in all three SN-38 resistant cell lines, but not in the oxaliplatin resistant cell lines. Based on our cell line results, we propose that resistant mCRC can be classified into functional resistance subtypes based on their gene expression aberrations. In this study these subtypes are represented by the individual resistant cell lines: HCT116-SN38-Drug efflux pump ABCC4, cell growth changes; HT29-SN38-Oxidoreductases (e.g. AKR1C1 and -3), drug efflux pump ABCG2; LoVo-SN38-Multiple drug efflux pumps, cell cycle, cell growth, stem cell-like/EMT; HCT116-OxPt-Altered MAPK signaling, cell death-related changes; HT29-OxPt-Cell growth and cell death-related changes, cell adhesion; LoVo-OxPt-Few changes, nucleotide-binding genes. We cannot determine if the subtypes we identified are simply a reflection of the differences in the cell models used -HCT116, HT29 and LoVo-each representing a different presentation of CRC-HCT116 (near diploid, MSI, TP53 proficient, K-Ras mutated), HT29 (hypertriploid, MSS, TP53 mutated, K-Ras wild-type) and LoVo (derived from metastatic site; near diploid, MSI, TP53 proficient, K-Ras mutated). In other words each cell line would model a patient, and a specific disease presentation, and that particular tumor would have only one resistance mechanism at its disposal. Several lines of evidence suggest this is not the case: Candeil and colleagues (Candeil et al., 2004) isolated two resistant clones from the HCT116 CRC cell line by progressive exposure to increasing concentrations of SN38. These clones were 6-and 53-fold more resistant to SN38 than the HCT116-derived sensitive clone, an effect directly mediated by overexpression of ABCG2. In addition, Johnston and colleagues (Boyer et al., 2004) reported an association between ABCG2 overexpression and resistance to oxaliplatin or CPT-11 in a HCT116-based model of resistance. We identified overexpression of ABCG2 in the HT29 and LoVo derived SN38-resistant cell line variants but not in the HCT116-derived cell line, or in any of the oxaliplatinresistant lines, arguing against the hypothesis that each cell line will be primed for one specific mechanism of resistance. One corollary of this observation is that one may infer multiple, non-redundant, resistance mechanisms from a single cellular model. Another corollary is that development of model systems could be reiterative as multiple models can be developed from the same cellular system, necessitating the establishment of repositories of resistant cell clones to allow future comparative studies.
Validation in clinical material
To evaluate the potential clinical validity and utility of the putative resistance-associated genes identified, we did a preliminary evaluation in patient samples. We found that four genes, KRT23, QPRT, KRT6B, and TGFB2, were significantly differentially expressed in groups of oxaliplatin non-responders compared to responders (Table 4 ). Of note, KRT23 was previously shown to affect the DNA damage response of colon cancer cells (Birkenkamp-Demtroder et al., 2013) , and TGF-b2 suppression is significantly associated with tumor recurrence and short DFS periods in CRC patients receiving adjuvant chemotherapy (Kim et al., 2009 ). Both observations are coherent with our findings, providing reasonable rational for further studies into the role of these genes with respect to resistance to oxaliplatin.
An analogous analysis of the potential clinical validity and utility of the putative SN-38 resistance-associated genes that we identified, yielded 12 candidate genes of potential value (Table  5) . Again, we found a number of deregulated genes, such as SPARC, a protein able to potentiate the effects of chemotherapy to promote tumor regression in colon cells (Tai et al., 2005) , or KLK10, a protein associated with worse prognosis in CRC (Alexopoulou et al., 2013) , which provide reasonable rational for further studies into the role of these genes with respect to resistance to irinotecan. We also performed a targeted biomarker validation analysis, looking at ABCG2 gene expression in the PETACC-3 clinical study. We chose this gene for a number of reasons: first, ABCG2 was considerably up-regulated (second largest FC) in two out of the three SN-38 resistant cell line variants we generated (Table 3) . Second, ABCG2 protects cells from potentially toxic xenobiotics by effluxing these drugs out of the cell, thus lowering the intracellular concentration of substrate drugs, such as camptothecin-derived topoisomerase inhibitors (e.g., topotecan and SN-38), and anthracyclines (daunorubicin and doxorubicin) (Robey et al., 2010; Wu et al., 2011) , thus providing a rationale for a causal role in resistance to SN-38. Finally, although several studies have demonstrated that many human solid tumors express ABCG2, and frequently, this expression is correlated with adverse outcome [(Ross and Nakanishi, 2010) and references therein], a potential association between ABCG2 expression and predictive potential for substrate drugs has not been properly investigated; many studies have included drugs, such as cisplatin and paclitaxel, which are not known substrates for ABCG2, others could not address the true predictive value of ABCG2 due to study design issues. It should be noted in this respect that irinotecan and its active metabolite SN-38 are known substrates for ABCG2 and its overexpression is directly involved in acquired resistance to SN-38 in colon cancer cells (Candeil et al., 2004) . Although our analysis showed only modest relative survival gains of adding irinotecan in patients expressing ABCG2 at levels lower than the median (relative gain in 5-year RFS and OS of additional irinotecan was 5.6% and 5.7%, respectively), this was actually a rather encouraging trend. First, because we used a conservative cut-point for our biomarker analysis, choosing the median ABCG2 expression level. Future exploratory analyses might reveal more significant cut-points to be validated in independent studies. Second, our cell line data are based on expression data obtained from resistant cells whereas our preliminary clinical validation is based on data obtained from untreated primary tumors. A study of clinical CRC biopsy samples demonstrated almost a ten-fold increase in ABCG2 expression in metastases obtained post-irinotecan treatment compared to metastases obtained pre-treatment (Candeil et al., 2004) , indicating that ABCG2 expression in CRC is low prior to treatment, but increases following treatment with substrate drugs, such as irinotecan. As a result, we almost certainly underestimated the predictive value of ABCG2 in response to irinotecan. Analysis of data from The Cancer Genome Atlas project (TCGA), showed that ABCG2 was overexpressed in 13 out of the 195 CRC analyzed (Cancer Genome Atlas, 2012), corresponding to 7% of cases, which a priori may benefit from an oxaliplatin-based regimen rather than from an irinotecan-based treatment regimen. Third, based on our cell line findings, we anticipate that any predictive test will include an algorithm based on a panel of genes representing the different resistance subclasses, rather than depend on a single gene, and we are now actively pursuing this approach. Overall, by performing a preliminary validation in selected clinical material, we were able to achieve the first indication of a clinical relevance of our cellular modelderived findings. However, it should be emphasized that the presented validation data should be interpreted with caution as it represents only the very first attempt at studying the clinical relevance of the cell line data. In fact, in spite of these observations of apparent clinical validity, at least for some of the deregulated genes we identified, in our cellular model systems, this type of analysis suffers from a number of limitations, such as cohort bias, or the classification of responsive patients, to mention a few, that limits its usefulness to being an exploratory, hypothesis-generating analysis rather than an endpoint analysis.
In conclusion, the finding that each cell line seemingly displayed its own set of resistance-related gene expression changes suggests that development of chemotherapy resistance may be dependent on acquisition of a set of discrete, functionally interconnected, molecular changes, by which a specific resistance profile would come about. This finding highlights the complexity of chemotherapy resistance in CRC, and led us to propose that drug-resistant CRC can be categorized into discrete functional classes, with implications for the development and clinical validation of predictive biomarkers, which should be further addressed in appropriate clinical studies.
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